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1. INTRODUCTION 

Digital assets such as Bitcoin and Ethereum are now known as cryptocurrencies. Through peer-to- 
peer networks, cryptocurrencies are exchanged decentralized and without the use of intermediaries. The main 
feature of cryptocurrencies is that, unlike conventional currencies, they can be traded without operating fees or 
imposed laws and regulations. The mentioned feature has caused the global acceptance of cryptocurrencies. 
Bitcoin and Ethereum are perhaps the best-known cryptocurrencies available, and both have seen price 
increases in recent years. Figure 1 shows the significant growth trend of the cryptocurrency market cap since 
mid-2017. 

In addition to price growth, Bitcoin and Ethereum blockchain technology have been used to build 
other cryptocurrencies and applications, such as smart contracts [1]. A smart contract is a code on a blockchain 
like Ethereum that executes commands such as freeing up the contract amount if the contract terms are met 
(for example, building a website). Previous studies [2] show that cryptocurrencies fluctuate sharply against fiat 
currencies. One of the reasons for these fluctuations is the publication of negative or positive news and the 
opinions of social network users who are significant users of cryptocurrency. For example, Figure 2 shows the 
Bitcoin price chart and Elon Musk's famous tweet that caused it to plummet. 
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Figure 1. The upward trend of the market value of Cryptocurrencies-Source site Coinmarketcap.com 


Elon Musk @ . 
@elonmusk 
#Bitcoin & 

Her: | know | said it would be over 

between us if you quoted another Linkin 


Park song but I've found someone else. 


Him: So in the end it didn't even matter? 


Biteoin Cha 
D,1 


t 
CUS b, $39,681.88 ( 


Figure 2. Elon Musk tweet with bitcoin price chart (from COIN360.COM) 


The red rectangle in Figure 2 shows the amount of bitcoin falling from when the tweet was published 
until a few days later. According to the studies [3], four methods have been used to predict cryptocurrencies or 
shares, i.e., 1) using only stock price data, ii) using technical or fundamental analysis, iii) using data from social 
networks and/or news, and iv) a combination of methods. Twitter is one of the most famous and oldest social 
networks. Twitter is a microblog with about 35 million daily active users in the United States. In this research, 
using the Twitter API, more than 350 thousand tweets from November 1, 2021, to April 6, 2022, related to the 
opinions of 90 individuals and organizations regarding 40 cryptocurrencies have been collected. 

We have collected influencer feedback on many cryptocurrencies to help traders make decisions for 
the first time. The study conducted in sentiment analysis to predict or detect the trend of cryptocurrencies on 
social networks can be classified in two ways [4], ie., 1) focusing on extracting specific cryptocurrency 
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comments such as Bitcoin using hashtags such as #Bitcoin or #BTC, regardless of the importance of the 
commenting user; and 1i) extracting the opinions of influencers only for one or more famous cryptocurrencies. 
One of the reasons for this research is to suggest lesser-known cryptocurrencies to traders for review and 
investment. These cryptocurrencies can be very profitable quickly, but they are complicated and time- 
consuming to identify without the right tools. This paper extracts the opinions of influential individuals and 
organizations in cryptocurrency from Twitter. Then, text preprocessing is performed, such as deleting duplicate 
data with the same tweet ID. Then, a separate table with its own name is formed for each coin in the tweet. 
Separating cryptocurrencies causes the sentiment analysis to be taken out of the traditional model and to be 
considered for tweets talking about several cryptocurrencies. After the preprocessing steps, the polarity of the 
tweets is calculated using a role-based tool called Vader [5]. Finally, for each cryptocurrency, the percentage 
of polarity (positive, negative, or neutral) is calculated by assigning a normal coefficient called user 
significance. 

The user importance factor is another innovation of this research, dynamically assigned to each tweet 
in terms of the total number of comments and retweets. The reason for dynamic allocation is that if the user's 
popularity or influence decreases over time, the system recognizes that his comments will have less impact on 
the final output. The proposed model's output indicates each coin's polarity and percentage. This paper focuses 
on using social network data (Twitter). The main challenge addressed in this paper is the purposeful selection 
of opinions. Also, considering the impact of opinions and news on the market price of cryptocurrencies, the 
use of standard analytical techniques in traditional financial literacy cannot correctly determine the trend of 
this market [6], [7]. The significant contributions of this paper are: 1) we are reducing the impact of fake news 
and redundant information by extracting information from cryptocurrency news experts in this field; ii) we 
presented a dynamic model to find and recognize new cryptocurrencies and investment opportunities. Our 
model covers many cryptocurrencies, as opposed to other articles that only cover a few specific 
cryptocurrencies; iii) Our model is real-time usable. This model has a high speed in detecting and assigning 
labels due to the online retrieval of information, separating tweets related to each cryptocurrency in a separate 
table, and using Vader; iv) our model considers the information aspect of sentiment analysis because opinions 
related to each cryptocurrency are separated and stored in a separate table; v) our model helps to understand 
the market's behavior and make the investors’ correct decisions in the stock portfolio's selection and 
management; and vi) the model assigns a coefficient of importance to each tweet instead of giving it based on 
the number of followers of the cryptocurrency's author. This approach will keep the value of the tweet if a user 
with fewer followers publishes a valuable tweet. The author's weight is also measured based on his opinions’ 
impact. In general, the framework of the proposed model for predicting the cryptocurrency market is as follows: 
i) we find expert users in cryptocurrency and extract their opinions continuously; ii) necessary preprocessing 
is done on the extracted comments. Each comment is then saved in a table associated with its cryptocurrency; 
iii) sentiment analysis is performed by the Vader. Then, each tweet's coefficient of importance is calculated, 
and the Vader score is added. This score is saved as the final score for the tweet; and iv) finally, after entering 
the query, the user will see sentiment analysis results related to 40 cryptocurrencies. In the second part, the 
methods of predicting cryptocurrencies are reviewed. In the third part, the impact of sentiment analysis methods 
on buying and selling cryptocurrencies is discussed more precisely. The fourth part of the proposed method is 
fully described, and the fifth part presents the results of experimental experiments. Finally, conclusions and 
suggestions for future work are presented. 


2. SOCIAL NETWORKS AND SENTIMENT ANALYSIS 

In this section, we review the papers predicting the price of cryptocurrencies. According to the 
algorithms used in predicting the price of cryptocurrencies, articles can be divided into two categories [8], i.e., 
i) use of basic learning models such as support vector machines, decision trees, and shallow neural networks; 
and ii) use of deep learning models, reinforcement learning, or hybrid models (combining several deep learning 
methods). Also, during the review of previous articles [4], [9], the authors have found another classification 
that divides the papers into the following three categories according to the type of data used in predicting 
cryptocurrencies, i.e., 1) use price data; ii) use price data along with social media and news data; and iii) use 
price data with technical analysis data, fundamental data, or blockchain data. Other classifications can also be 
provided based on the forecast period (long-term or short-term) or type of output (classification, regression, or 
both) considered in survey articles. 


2.1. Use of price data 

In this group of articles, only the price features of the cryptocurrency are used to predict the price. 
Price characteristics are abbreviated as OHLCV. These letters indicate the open price, the highest price, the 
lowest price, the closing price, and the volume of cryptocurrency transactions in a daily trading session. In this 
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paper, machine learning algorithms aim to predict the closing price of cryptocurrencies for one or more 
subsequent trading sessions. In [6], three models based on recursive neural networks—long short-term memory 
(LSTM), gated recurrent unit (GRU), and bidirectional LSTM (Bi-LSTM)—are proposed to predict the price 
of Bitcoin, Litecoin, and Ethereum. The presented models are evaluated using the mean absolute percentage 
error (MAPE). The results show GRU performed better at predicting all three cryptocurrencies than LSTM and 
bi-LSTM models. In [8], a hybrid model of GRU and LSTM for Monroe and Litecoin prediction is presented. 
The authors have shown that using LSTM is very effective because of its ability to memorize data features. 
For future work, the use of public sentiment is suggested. Despite the high accuracy of deep learning models, 
due to the strong dependence of cryptocurrencies on news and opinions, these models cannot identify the risks 
of this type of stock. 


2.2. Price data along with social media and news data for price prediction 

One of the data sources that has recently received much attention from researchers is commentary 
related to cryptocurrencies on social networks and Google Trends. As stated in [9], [10], cryptocurrencies 
receive significant influence from the opinions published on social networks, especially the opinions of 
influencers. On the other hand, in new research [4], the authors are more focused on determining the price trend 
of cryptocurrencies because the actual price prediction has a high error rate due to their volatile nature. 
Therefore, instead of accurately predicting the price of cryptocurrencies, the articles reviewed in this group 
predict their future price trends. 

In [10], a trading platform called KryptoOracle is presented for real-time digital currency price 
forecasting based on Twitter sentiment analysis. The proposed platform is based on Spark and online learning, 
where the model's weight is adapted to new prices and sentiments. This paper uses the Vader model for 
sentiment analysis, and the XGBoost algorithm is used for machine learning operations. Despite the coverage 
of news data and comments on social networks related to cryptocurrencies, these methods have not considered 
the value of opinions and users. For example, just by searching for hashtags like #BTC or #ETH, all comments 
have been collected regardless of the user's expertise. Also, if a user is checking, authors have only paid 
attention to the number of followers, and the value of individual opinions has not been taken into account 
according to the number of user experts and other criteria. The mentioned challenge has not been investigated 
in an article so far. 


2.3. Use of price data with technical analysis, fundamental, or blockchain data 

The authors have used economic and trading knowledge in this group of articles. One of the standard 
techniques in trading is the use of technical analysis. In economics, technical analysis is a method for 
forecasting prices through past market information [11]. On the other hand, fundamental sentiment analysis is 
the financial analysis of businesses, competitors, and related markets. This analysis also considers the general 
state of the economy and factors such as interest rates, production, income, employment, GDP, and other 
macroeconomic factors [11]. 

In [12], first, the XGBoost and Random Forest methods are used to select the appropriate features to 
predict the future price of Ethereum. Then, a set of deep learning models consisting of LSTM, GRU, and TCN 
is presented to predict the price and price trend of Ethereum in the short and long term (one and seven days, 
respectively). In [13], a classification tree-based model for predicting bitcoin returns has been developed using 
124 technical analysis indicators. The results show that the proposed model has the desired predictive power 
for new samples at limited daily intervals. These methods have two weaknesses. One, fundamental analysis of 
cryptocurrencies is difficult and requires proof. For example, the relationship between the increase or decrease 
in the rate of the dollar, oil, gold, etc., and cryptocurrencies needs to be proven. Also, due to the decentralized 
nature of these stocks and their lack of dependence on the government or a specific institution, it is practically 
impossible to examine their physical assets and financial statements. The second weakness of these methods 
is the lack of attention paid to news and experts’ opinions on social networks. 


2.4. Social networks and sentiment analysis in predicting the price trend of cryptocurrencies 

As mentioned in the previous sections, behavioral sciences and scientific research provide evidence 
of a close relationship between social media and cryptocurrency price fluctuations. There are two main 
sentiment analysis methods: machine-based and lexicon-based methods. Machine-learning-based approaches 
use classification algorithms to classify texts. On the other hand, Lexicon-based methods use the dictionary of 
sentiment and its adaptation to texts to determine its polarity [14]. These methods assign scores to words in the 
text that ultimately describe the text as having a positive, negative, or neutral sentiment charge. Figure 3 shows 
the classification of sentiment analysis methods (see [15] for further reading). 
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Figure 3. Classification of sentiment analysis methods [15] 


Sentiment 
Analysis approach 


In [16], the authors predicted the price of two cryptocurrencies, Bitcoin and Litecoin, in the short term 
for two hours. This paper predicts the price of these two cryptocurrencies based on the sentiment analysis of 
users' tweets and a multiple linear regression model. In future work, it is suggested to consider the credibility 
and popularity of the model to increase accuracy. One of the challenges on social media is the risk of a fake 
pump and dump of a cryptocurrency. In [17], it is stated that the purpose of "pump-and-dump" scams is to 
artificially increase the value of a cryptocurrency to encourage victims to invest. This study presents a 
computational approach to automatically identify pump-and-dump scams by combining social media 
information such as Twitter and Telegram. In [18] , we present a method for predicting the price of bitcoin 
using Twitter and historical prices. In this study, daily prices are combined with sentiment, and the next day's 
price is predicted using automatic regression models. In [19], social media data and basic machine learning 
algorithms like neural networks (NN), support vector machines (SVM), and random forests (RF) were used to 
predict the price trend of Bitcoin, Atrium, Ripple, and Litecoin. 


3. METHOD 

Social media literature has different definitions of influencers, but these people significantly impact 
their communities. The influence of famous people, also known as celebrities, has been proven in public health 
[20]. In this research, first, using Web Scraping, the IDs of influential individuals and organizations have been 
collected from the three websites, i.e., i) https://cryptoweekly.co/100, 11) https://lunarcrush.com/influencers and 
iii) https://coinculture.com/au/people/top-crypto-twitter-influencers. These users are considered seeds. After 
reviewing the seed, the authors selected the top 90 users with the richest comments. Selected users have fewer 
public comments. The general opinion refers to opinions that have little to do with cryptocurrencies and are 
often neutral. Figure 4 shows the effects of deleting these comments from the data. 
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Figure 4. Comparison of initial primary data and post-clearance data 


Indonesian J Elec Eng & Comp Sci, Vol. 30, No. 2, May 2023: 1068-1079 


Indonesian J Elec Eng & Comp Sci ISSN: 2502-4752 0 1073 


Figure 4 shows that if irrelevant comments are not removed, the model may make numerous errors in 
predicting the price trend. The collected data is then put through preprocessing. The text in this stage is first 
normalized by switching to lowercase letters. Using the preprocessing class of the Gensim package, the links 
in the duplicate tweets are then cleared, and duplicate tweets are then deleted in accordance with their tweet id. 
Added to a secondary list called Seed can be additional influencers. Retweeted by the original author, with 
their ids added, and then their ids removed from the tweet text. The text is then traced using the NLTK package's 
Snowball algorithm. Following the deletion of tweets with less than five characters, the tweets for each 
cryptocurrency are then stored in that cryptocurrency-specific table. 

The Screener class of the Yahooquery package has been used to obtain the list of cryptocurrencies. 
Storing tweets related to each password in a separate table has the following advantages: i) ease of executing 
queries on the database in terms of runtime with increasing data volume; ii) suitability for online applications 
due to convenient runtime; and iii) ability to group comments according to the polarity and the author's name 
of each cryptocurrency. Then, the Vader tool was used for sentiment analysis of the extracted texts. Vader is a 
standard sentiment analysis tool in numerous articles [21], [22]. This tool is specially designed for texts 
published on social networks. VADER is created using a gold-standard sentiment lexicon based on valence- 
based and human curation. 

As shown in [23], emoji are common in most texts published on Twitter. It can be said that emojis are 
standard literature in this type of writing. Most articles and tools like Vader [21], [22] do not cover this. 
Therefore, in the preprocessing phase, the emosent-py package converts emojis into points and detects them 
[24]. An example of these transformations is shown in Figure 5. The normalized score of the emojis is then 
added to the text sentiment score calculated by Vader. The last step in scoring and determining the polarity of 
comments is to consider the number of retweets and comments in each tweet. In this research, the normalized 
adaptive coefficient of importance is assigned to each tweet for the first time through (1). 


from emosent import get_emoji_sentiment_rank 
get_emoji_sentiment_rank('@') 


{"negative’: 355.8, 
"neutral’: 1334.0, 
‘occurrences’: 8@58@, 


‘position’: 0.746943086, 

"positive’: 6361.0, 
“sentiment_score': 6.746, 

“unicode block’: ‘Dingbats’, 
“unicode _codepoint'’: ‘@x2764", 
"unicode_name': ‘HEAVY BLACK HEART'} 


Figure 5. Convert emoji to score 


vRow,=1 #Retwee (i) + #Commen(i) (1) 


MAX (#Retweetpositive. HCOMMENt positive) 
Row € Positive_Score belong Auther J 


Positivescore = 


In (1), #Retwee and #Commen represent the number of comments on Tweet J, respectively. 
MAX (#Retweet positive. #CoOMMENt positive) indicates the maximum number of comments or retweets. The 
second part of the formula is to normalize the values. In (1) has the property that according to the popularity 
of each tweet, some value is added to the total score of positive comments of author J for the cryptocurrency 
I. In references [9] and [25], only the user's number of followers is considered, while another user's opinion 
with fewer followers may have a higher quality. Also, this relationship causes if the user decreases the quality 
of his comments over time, fewer points will be awarded to his comments. In (2), the total score equals the 
sum of positive observations and the coefficient of points calculated in (1). In (2), Positiveyage, represents 
the positive score by Vader about cryptocurrencies I, and Positive_Score represents the sum of the normalized 
scores. Negative and neutral comments are calculated from (1) and (2) by placing the corresponding numbers. 
The final user opinion of J for cryptocurrencies I is obtained through (3). 


Totalscore p = Positiveyager + Positivescore (2) 
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Findlsentiment = MAX (Totalscorep» Totalscoreyg: ! OtAlscoreny ) (3) 


In (3), Totalscorep, TotalscoreygT 0talscoreny they are the sum of the positive, negative, and neutral 
comment scores. Table | shows how to calculate (1) to (3). 


Table 1. Pseudocode calculates comments score 


Line Sintax 


1 For Crypto I=1 to N 

2 Positivescore = LRow,=1 #Retwee (i) + #Commen(i) /MAX (#Retweet positive. HCOMMENE positive) 
3 Totdlscore p = Positiveyaaer + Positivescore 

4 Findlsentiment = MAX( Totdlscorep: 1 0tAlscoreyg: 1 0tAlscoreny) 

5 return rank (Totalscorep: Totdlscoreng: Totalscoreyy ) and Findlsentiment 

6 End For 


The framework of the proposed method is shown in Figure 6. This architecture consists of five blocks: 
information extraction, preprocessing, sentiment analysis, final score calculation, and the display block. In the 
information extraction block, the comments of influential users of cryptocurrency are extracted from Twitter. 
The information from this block is sent to the preprocessing block. This block performs operations such as 
lowering letters, deleting duplicate tweets, extracting other influential users, removing hyperlinks, and other 
preprocessing functions. 
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Figure 6. Proposed model architecture 
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In the final score block, the Vader score is first summed and normalized with the emojis, and then the 
final score is calculated with the help of Table 1. The output of the display block includes the type and 
percentage of sentiment, user name, and the number of user comments for 40 cryptocurrencies. Users are added 
to the Add to Seed section of influential users whose profiles and tweets are cryptocurrency and whose tweets 
are republished by the original Seed users. 


4. RESULTS AND DISCUSSION 

In this study, the Twitter API extracted information related to 90 influential personalities. Also, users 
who are direct advertisers or stakeholders in specific cryptocurrencies are ignored. Tweets are collected from 
November 1, 2021, to April 6, 2022, and include 350 thousand tweets. Figure 7 compares the number of tweets 
for Bitcoin and Ethereum with those for 19 other cryptocurrencies. 

Unlike previous articles, the model's output is intended to assist traders in making the best decisions 
in seven modes [16], [26]. The three main polarities are positive, negative, and neutral, and the other four states 
are positive-negative, positive-neutral, negative-neutral, and equal. Four additional modes are created due to 
the 3% protective margin on the output. This margin helps to display both types of sentiment when, for 
example, positive and negative or positive and neutral opinions differ by less than 3%. Figure 7 shows that 
most tweets are dedicated to Bitcoin and Ethereum. Table 2 shows the percentage and polarity of the extracted 
sentiment related to 40 cryptocurrencies from July 1, 2022, to August 1, 2022. 
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Figure 7. Compare the number of extracted Bitcoin and Ethereum tweets with other cryptocurrencies 


Table 2. Predicting the price trend of cryptocurrencies by sentiment analysis 


Row Cryptocurrency Percentage and Polarity Row Cryptocurrency Percentage and Polarity 
1 Bitcoin Positive:57.6 21 Zcash * Positive -Neural~ 35.8 
2 Ethereum Positive:61.9 22 Filcoin Positive:47.4 

3 Binance Positive:52.5 23 Bitcoin Cash Neutral:36.3 

4 Shibinu Positive:49.9 24 Polkadot Positive:43.8 

5 Ripple Positive:40.7 25 Polygon Positive:53.7 

6 Cardano Positive: 41.6 26 Dai Neutral:47.9 

7 Solana Positive: 42.8 27 Lite Coin Positive:48.7 

8 Terra Negative: 40.9 28 Cosmos Positive:49.9 

9 NEO Neural:41.8 29 TRON Neutral:39.2 

10 ROSE Positive:48.6 30 FTX Token Positive:38.2 

11 Avalanche Positive:43.8 31 Unus Sed Leo Negative:47.9 

12 Dogecoin *Negative-Neural~34.2 32 Monero Positive:46.9 

13 NEAR Protocol Positive:43.7 33 BitTorrent Positive:36.2 

14 Algorand *Negative-Positive~33.6 34 Aave Positive:41.4 

15 Decentraland Positive:38.5 35 Waves Neural:49.1 

16 Stellar Neural:39.6 36 Chainlink Positive:39.7 

17 Fantom Positive:53.9 37 Uniswap Positive:38.8 

18 Ethereum Classic __ Positive:49.3 38 VeChain Positive:46.3 

19 Internet computer _ Positive:39.1 39 Helium *Negative-Neural~33.5 
21 Sandbox Positive:38.6 40 Wrapped Bitcoin __Neural:37.3 
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Table 2 shows the price trend forecast of some cryptocurrencies with two types of sentiment. These 
results are due to the similarity of the number of views between the two types of polarity. For example, the 
count of negative and positive comments about Phantom cryptocurrencies has been very close. Due to the 3% 
margin in the model's output, the trader shows that the experts’ positive and negative sentiments are equivalent. 
Figure 8 shows the four cryptocurrencies' price fluctuations: Bitcoin, Ethereum, Ripple, and Shiba, with 
positive or negative comments (displayed in the output). In Figure 8(a), the price of bitcoin has normalized in 
the sub-thousand-dollar range with two decimal places due to better understanding. Figure 8(a) shows a 
significant relationship between bitcoin prices' downward and upward trend and the day's sentiment. Figures 8 
(b), (c), and (d), as well as Figure 8(a), depict the prices of ETH, XRP, and SHIB, respectively. Table 3 shows 
the impact of user comments on long-term investment and identifies investment opportunities in the four lesser- 
known cryptocurrencies between July 4, 2022, and August 6, 2022. Figure 9 depicts protocol cryptocurrency 
diagrams, with Figures 9(a) and (b) representing Cosmos and Near, respectively, extracted from Coin360.com 
to support the data in Table 3. 
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Figure 8. Price fluctuations and sentiment analysis results of (a) Bitcoin, (b) Ethereum, (c) Ripple, 
and (d) Shiba 


Table 3. Impact of user comments on identifying long-term investment opportunities 
ow__Cryptocurrency Positive Negative Neural _ Profit / Loss 

Uniswap 45.6% 29.9% 24.5% +59.13% 

Unus Sed Leo 25.4% 46.3% 28.3% -1% 

NEAR Protocol 46.5% 18.1% 35.4% +47.1% 

Cosmos 47.3% 16.9% 35.8% +17% 


RwoNely 


As shown in Figure 9 and Table 3, the proposed framework has been able to accurately predict the 
price trend of cryptocurrencies by extracting the opinions of influential users. In Table 4, we compare our 
proposed model with the methods presented [16], [26] for predicting sentiment analysis's polarity (from July 
1, 2022, to August 1, 2022). The results show that [16] or [26] neutral polarity is the dominant polarity or is 
very close to positive and negative polarity. Therefore, the authors have omitted this polarity, which could 
indicate a reluctance to trade in cryptocurrency. The large number of neutral comments mentioned in [16] and 
[26] is the lack of attention paid to cleaning texts unrelated to cryptocurrency transactions. We have solved this 
challenge effectively in the proposed model. In Table 4, the efficiency of the proposed model is compared with 
these articles. 
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Figure 9. Protocol cryptocurrency diagrams: (a) Cosmos and (b) Near (source: Coin360.com) 


Table 4. Comparison of the proposed model with other methods 


Model name Cryptocurrency 


Polarity Percent 


Proposed model BTC 


ETH 


[26] BTC 


ETH 


[16] BTC 


LTC 


Pos:57.6 
Neg:17.6 
Neu:24.8 
Pos:61.9 
Neg:15.3 
Neu:22.8 
Pos:39.9 
Neg:23.1 
Neu:37.6 
Pos:41.2 
Neg:20.1 
Neu:38.7 
Pos:40.6 
Neg:20 

Neu:35.4 
Pos:39.4 
Neg:26.7 
Neu:33.9 
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5. CONCLUSION 

In this paper, we have extracted the tweets of more than 90 influential Twitter users in cryptocurrency. 
The polarity of the tweets is calculated using the sum of the Vader open-source tool points, the normalized 
score of the emojis, and the adaptive importance coefficient (pseudocode 1). The output of the proposed method 
includes the percentage and polarity of the tweets, the user's name, and the number of tweets for more than 40 
cryptocurrencies. The adaptive importance coefficient gives more weight to tweets that get more readers’ 
attention. Also, this coefficient is independent of the user's number of followers since a user's tweet with a 
smaller number of followers may have received more attention from readers. In addition, if the quality of a 
user's comments declines over time, this coefficient can give them less weight. The normalized score of the 
emojis, due to their widespread use in the Twitter literature, causes the polarity of the tweet to be calculated 
more accurately. The results show that the proposed method can, with acceptable accuracy, predict 
cryptocurrency price trends by analyzing the sentiment of expert users. This method can also offer attractive 
investment opportunities to traders in the short and long term. Another advantage of the proposed method is 
the study of lesser-known cryptocurrencies. These cryptocurrencies can generate a good profit for traders. The 
proposed model can detect cryptocurrency polarity with greater accuracy and percentage. The higher accuracy 
of the model of this paper is due to the purposeful extraction of opinions, proper cleaning, and the use of a 
normalized adaptive coefficient of importance. These three factors have caused us to minimize the challenge 
of neutralizing most of the opinions reported in other articles in this research. For future work, the authors will 
examine the impact of other social media, such as Reddit and Telegram, and political news in predicting the 
price trend of cryptocurrencies. 
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